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Image Segmentation Method for
Cohesive Aggregates Based on Improved
Multi-ResUnet Algorithm
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Abstract: In order to improve the image segmentation
accuracy for cohesive aggregates, a image segmentation
model (Multi-ResUnet model) based on Inception
network and residual connection optimization was

proposed. The three-dimensional aggregate
characterization system V3.0 developed by the laboratory
itself was used to collect the images of cohesive
aggregates and the sample set of the image segmentation

model was created. Then, the image segmentation model
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was used to train the sample set. It is shown that
compared with the Watershed algorithm and Unet model,
the image segmentation model improves 30.46% and 2.11%
in precision, 4.68% and 1.85% in recall, and 25.95% and

2.47% in accuracy, respectively.
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